The value of the US dollar is of major importance to the world economy. Global liquidity has grown sharply in recent years with growing importance of China's money supply to global liquidity. We develop out-of-sample forecasts of the US dollar exchange rate value using US and non-US global data on price level, output, interest rates, and liquidity on the US, China and non-US/non-China liquidity. Monetary model forecasts significantly outperform a random walk forecast in terms of MSFE in the long run. A monetary model/ECM with sticky prices performs best. Rolling sample analysis indicates changes over time in the influence of variables in forecasting the US dollar. China's liquidity has a distinct, significant and changing influence on the US dollar exchange rate. Increases in the growth rate in the relative US-China M2 forecast a significantly higher value for the US dollar 1-and 6-month later.
Introduction
Much recent research has concentrated on the influence of global liquidity on commodity, goods and asset prices. Beckman et al. (2014) demonstrate that global liquidity factors influence commodity prices. D' Agostino and Surico (2009) show that change in global liquidity has predictive power for the US inflation rate. Belke et al. (2010) document that increases in global liquidity since 2001 raises the price of assets inflexible in supply. Ratti and Vespignani (2015) find that unanticipated increase in emerging countries' liquidity has a much greater influence on commodity prices than does that of developed economies.
In this paper we examine the influence of liquidity increases on the US dollar exchange rate value. Our focus is on the value of the US dollar relative to the currencies of the rest of the world, and not on a bilateral exchange rate between the US currency and that of another country. The value of the US dollar relative to the world's other currencies is of major importance to the US and the rest of the world. Emerging economies have companies with large US dollar denominated debt. The US dollar denomination is a high fraction in international bonds (Goldberg (2011) and Lo Duca et al. (2014) ). Bruno and Shin (2015) and McCauley et al. (2015) associate appreciation of the US dollar with a decrease in bank capital flows and effective monetary tightening across the world.
The influence of liquidity increases on the US dollar exchange rate is examined within the context of monetary models of exchange rates. 1 These models suggest that the influence on the US dollar exchange rate of liquidity outside the US is to be distinguished from that of US liquidity. In assessing the impact of liquidity on the US dollar exchange rate we find it is useful to identify the origins of the changes in global liquidity. China, in 1 Sarno and Taylor (2002) provide an authoritative review of the economics literature on exchange rates. Rossi appraisals the literature on forecasting exchange rates. Chinn (2012) reviews macroeconomic methods in modelling the determinants of exchange rates. Aizenman et al. (2009) review work that considers the connections between global liquidity defined in terms of international reserves, global imbalances and reserve management. particular, has become an important provider of liquidity in recent years. The growing importance of China's money aggregates for global liquidity is illustrated in Figure 1a . In Figure 1a the log of M2 money supplies expressed in US dollars in China, US, Euro area, and Japan over 1996: 01-2013:12 The behaviour of China's nominal GDP is also strongly upward over the period, increasing on average (in US dollars) by 15% per year. month and 6-months ahead, with longer-term forecasts frequently not statistically significant.
Relative US-China M2 growth is driven by growth in China's M2. A finding that China's liquidity expansion has negative effects on the US dollar is consistent with China intervening in the foreign exchange market to stabilize the pegged exchange rate. The outcomes obtained are consistent with China's exchange rate policy over 2005 to 2010 changing to consign less importance on the relative value of the renminbi to the US dollar.
Section 2 reviews China's exchange rate policy. Monetary models for the US dollar exchange rate are presented in Section 3.1 and data and variables (US and non-US) are defined in Section 3.2. Section 4 provides empirical results using the short-run firstdifference and ECM models on out-of-sample US dollar exchange rate prediction. Section 5 presents a robustness check using 12-month moving average data. Section 6 concludes.
China's Exchange Rate Policy
The exchange rate policy of China is important in assessing the impact of China's liquidity on the US dollar. China tied its currency to the value of the US dollar from the Asian crisis in the late 1990s until July 2005. After July 21, 2005 the value of renminbi is determined with regard to a basket of currencies in which the dollar is of major importance. Figure 1b the value of the renminbi gradually increased versus the US dollar.
As illustrated in
Over three years following July 2005, the renminbi strengthened by about 21% versus the US dollar. Over an extended period from August 2008 to June 2010 the renminbi/dollar rate did not vary.
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In June 2010, China's exchange rate became more flexible and gradually appreciated at about 5% per year. These developments are illustrated in Figure 1b. A rise in China's liquidity facilitates domestic growth and increases demand for imports and foreign interest in investing in China. The currencies of the countries supplying 3 Frankel (2009) provides a detailed examination of China's exchange rate regime. Dekle and Ungor (2013) note that the change in China's exchange rate policy in August 2008 was due China's export sector being under pressure following the US subprime crisis and the decline in world trade.
imports to China experience upward pressure as will the prices of the imported goods including commodities. Foreign investment flows also influences bilateral exchange rates. As these effects work their way through the financial markets, China intervenes in the foreign exchange market to stabilize the pegged exchange rate. The scale and mix of foreign currencies sold by China in the foreign exchange market will depend on the weights assigned to currencies in the reference basket of major currencies (against which the renminbi is allowed to float within a narrow margin).
The effects on the US dollar foreign exchange rate overall of monetary expansion in The IMF estimates that on a PPP basis China's GDP exceeds that in the US by about 4.30% in 2014. China's M2 exceeds that in the US by about 65% in December 2013 (Federal Reserve Bank of St. Louis statistics).
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A large literature has developed examining the increased economic influence of China on other countries. Chinn (2009) summarizes several papers examining the impact of China on the global economy including that of being a large net saver. Thomas et al. (2009) argue that China's rapid growth has had major effects on the configuration of global trade. Granville et al. (2011) examine the amount of price and exchange rate interaction between the G3 and China. 6 The appropriate measurement of China's exchange rate and of effects of China's exchange rate on trade flows have also been topics of research. Whalley and Wang (2011) show that the effect on trade flows of Renminbi
Methodology

Monetary models of the exchange rate
In this paper we focus on predicting the value of the US dollar. The value of the US dollar is defined as the trade weighted US dollar index. The structural model utilized to predict the value of the US dollar encompasses leading monetary models of exchange rate determination. In this and the next section first difference and error correction specifications of the theoretical model will be estimated following work in Cheung et al. (2005) and Rossi (2013) . We aim at tracking over the rate of growth of the trade weighted US dollar index with a simple reduced-form model. We construct month ahead out-of-sample forecasts of the trade weighted US dollar index. We assess the effects on month ahead trade weighted US dollar index of Chinese, US, and global liquidity expansion on the US dollar value by postulating the following 'single-equation lagged fundamental sticky price model' in forecasting the -step-ahead rate of growth of US-TWI exchange rate:
where is the log of US-TWI exchange rate index, and the log of consumer price index.
The ∆ denotes the first difference, the ^ indicates the US and rest of world (ROW) differentials of , , and , the US and China differentials of , and the US and non-US/non-China rest of world differentials of . The ∆ represents the rate of growth of relative price levels between US and the ROW for example. The is the 3-month short-term nominal interest rate, and represents the log of industrial productivity index. The , and are the log of US, China and non-US/non-China ROW money stock 2 denominated in US dollars. The for 1,2, … ,5 are regression coefficients, and is an error term which is assumed to be Gaussian.
appreciation can be substantial. Cheung et al. (2015) investigate the effect of the bilateral real exchange rate for US-China trade flows and find the effect to be enhanced when the exchange rate is measured as the deviation from equilibrium values
The model in Equation (1) is associated with a particular monetary model with sticky prices specified in Cheung et al. (2005) and Rossi (2013) but adopted to account for the effect of China's liquidity. The variables are the main predictors used for out-of-sample exchange rate forecasting. Corresponding monetary models with flexible prices are as follows:
and
These monetary models are derived from small open economy models by Frenkel (1976) and Mussa (1976) who argue that real money demand is a function of income and the interest rate and assume that a similar relationship holds for the foreign country. The bilateral nominal exchange rate fluctuations are then determined by two countries' relative price level, interest rate, real output and the money supply. 
Data and variables
We identify for the US and for the non-US rest of the world, variables relevant to monetary models of US dollar exchange rate determination. The non-US and US interest rate, price level and output variables are from Database from Global Economic Indicators (DGEI), Federal Reserve Bank of Dallas.
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In DGEI, weights (based on shares of world GDP (PPP)) are applied to the official/policy interest rates in levels and are applied to headline price indexes and output indices in growth rates to construct indices representing the G40 economies (excluding the US). In 2012 on a GDP PPP basis, the G40 economies account for around 86% of global GDP (with the US accounting for 19% of global GDP). The non-US 7 Greater detail on these models can be found in Bilson (1978 Bilson ( , 1979 , Frenkel (1976) , Dornbusch (1976) , Frankel (1979) , and Meese and Rogoff (1983) .
The DGEI data was first released at the end of 2013 by the Globalization and Monetary Policy Institute at the Federal Reserve Bank of Dallas and is available at http://www.dallasfed.org/institute/dgei/index.cfm. For more details about this database construction, see Grossman et al. (2013) . Before 2010 the fluctuation of interest rate differential is large, whereas the movement of industrial productivity differential away from that of the exchange rate has increased in the post global financial crisis period. These observations are indicative that the US-TWI exchange rate reflects the movements in countries' economic fundamentals and shows that their dynamic relationship is likely to be different from one episode to the next. The data is available at Federal Reserve Bank of St. Louis https://research.stlouisfed.org/fred2/.
Empirical Results
Out-of-sample exchange rate forecasting
We run our regression (1) over the sample 1996M1-2013M12. The MSFE is the metric for evaluating the forecast accuracy and for specifying the optimal forecast horizons in the model:
where | is the forecast of from Equation (1), is the month ahead forecast of the trade weighted US dollar index, and the summation of squared forecast errors runs over 1996 1 2013 12. The rolling sample analysis estimates Equation (1) using 114-month rolling samples starting in July 2005. The summation of squared forecast errors in Equation (2) runs over the sample 2005 7 2013 12. Table 1 reports the ratio of MSFE from estimating the regression in Equation (1) for different monetary models at different horizons, and for comparison, to MSFE from a random walk forecast at different horizons. The MSFE of the monetary models are lower than that of the random walk at the 18-month forecast horizons and afterwards. To assess the significance of the out-of-sample forecasting ability of the monetary models compared to the random walk model, we utilize the DM-statistics proposed by Diebold and Mariano (1995) .
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The MSFE of all monetary models significantly lower than that of the random walk at forecast horizons at 60 months at least in the significant level at 15%. The MSFE is lower for the monetary model with sticky prices than for the monetary models with flexible prices at the 6-month forecast horizons and afterwards, and is statistically significant at the 30, 42, 48, 54 and 60 months. For the monetary model with sticky prices in Equation (1) the lowest MSFE is with the forecast horizon at 60-month ahead. The monetary model with sticky prices in which differentials between the US and non-US global economy in interest rate, price level, and output influence the out-of-sample forecasts of the US dollar exchange rate is our preferred model.
Estimation of the basic model over full sample
Estimation of the monetary model with sticky prices version of Equation (1) with 60 months over the full sample appears in column (1) of Table 2 . Adjusted R 2 is 0.114 in column (1). We choose to report the version of Equation (1) In column (1) of Table 2 , the coefficient of the rate of growth of the relative price level is -0.356 and highly statistically significant. This implies that a rise in the price level outside the US is associated with an appreciation in the US dollar 60 months later. The inflation differential between the US and the rest of the world is statistically significant in all the regressions in Table 2 . The coefficient estimates of the rates of growth of the relative interest rate and industrial productivity are insignificant in the period of analysis.
Estimation of the monetary models with flexible prices, Equations (2a) and (2b), with 60 months over the full sample appear in columns (2) and (3) In columns (4) through (7) of Table 2 In column (7) the liquidity variable is the differential in growth in M2 between the US and the rest of world inclusive of China and is not statistically significant. This variable is the basic liquidity variable that would be included in a monetary model explaining the value of the US dollar with the emphasize on the US versus the rest of the world. In confirmation that growth in US M2 relative to growth in China's M2 is more important than the other monetary variables in predicting the US nominal exchange rate, the value of DM-statistic is relatively higher in column (1) than in columns (4) through (7) in Table 2 .
Rolling sample analysis
To assess the extent and nature of parameter instability issues of the forecast starting in July 2005, a rolling sample analysis is followed. We estimate Equation (1) 
ECM estimation
In this subsection we follow Cheung et al. (2005) and Rossi (2013) and examine an error correction model (ECM). As Figure 2 suggests, both the exchange rate and the economic fundamentals in the monetary model are 1 .
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The ECM is expected to forecast better in long horizons in that the specification allows for the additional long-run interaction effect of the economic determinants of the exchange rate. We postulate the following 'single-
All these series were checked for the I(1) property before conducting the cointegration test. For the purpose of brevity, the stationarity test results are not reported. equation lagged fundamental sticky price ECM model' in forecasting the -step-ahead rate of growth of US-TWI exchange rate:
where the for 0,1, … ,5 are regression coefficients that capture the long-run relationship.
The regression coefficient reflects the long-run gravitation towards the equilibrium relationship between the variables, in the sense that exchange rates revert back to their fundament value as long as 0.
The estimates of the long-run cointegration relationship parameters vary as the data window moves. We utilize the Johansen method to test the null hypothesis of no cointegration. with absolute t-statistic values in the parenthesis. Table 3 shows the ratio of MSFE from estimating the regression in Equation (4) without short-run dynamic variables (for the monetary ECM model with sticky prices) to MSFE from a random walk forecast at different horizons. We exclude the short-run dynamic variables to make our exercise directly comparable with Cheung et al. (2005) . The MSFE of the ECM model is lower than that of the random walk at all forecast horizons. The MSFE ratio in predicting nominal US TWI exchange rate is highly statistically significant at the forecasting horizon 60-month ahead. Estimation of Equation (4) with h 60 months over the full sample is reported in column (3) of Table 4 . The signs of all coefficient estimates of the economic fundamentals are comparable to those in column (1) of Table 2 . The coefficient estimate of error correction term is negative as expected in the monetary model.
In column (2) of Table 4 we utilize Chicago Board Options Exchange Volatility Index (VIX) as a proxy of contemporaneous short run dynamics. Matsumoto (2011) argues that the global liquidity can be measured by the price risk premium of risky assets. In column (2), VIX has a positive and statistically significant coefficient indicating that an increases in financial uncertainty is associated with a rise in the US dollar. However, in column (4) VIX is not statistically significant in the presence of the economic fundamental variables.
In column (1) of Table 4 we exclude all the short run macro dynamic variables as the monetary models specified by Cheung et al. (2005) and Rossi (2013) , whereas all available variables are included in column (4). In general with variations in the definitions of the contemporaneous short run dynamics, the ratio of MSE from monetary ECM model with sticky prices to MSFE from a random walk is statistically significant in forecasting the exchange rate in the long run. The DM statistic of columns (3) and (4) including the growth of economic fundaments is relatively higher than that of columns (1) and (2) in particular.
This implies that inclusion of the differentials in interest rates, price level, output and the relative money stocks between the US and China and the rest of the world is essential in the forecasting of the US dollar.
We present the fitted values of the natural logarithm of nominal US TWI exchange rate using various ECMs shown in Table 4 at 1, 12 and 60-month forecasting horizons over 2001:02 -2013:12 in Figure 4 . The fitted series at 1-month forecasting horizon mimics the nominal TWI exchange rate, while the predictions at 12-month forecasting horizons present the trend of nominal exchange rate using different ECMs in general. In particular, the first and second diagrams of Figure 4 shows that the fitted values at 60-month forecasting horizons is smoother when using the ECM without VIX and without contemporaneous shortrun dynamic variables, in the sense that the ECM without the short-term dynamics captures the long-run trend of the US exchange rate. In contrast, the third and fourth diagrams of Figure 4 shows that the fitted series at 60-month forecasting horizons additionally reflect the fluctuation of the nominal exchange rate when using the ECM with the short-run dynamics and with/without the VIX.
A Robustness Check
To establish the robustness results of our analysis, we utilize a 12-month moving average of monthly data (MA (12)) for the interest rates and all other variables in the log levels before doing any empirical work. The moving average is commonly used with timeseries data to smooth out short-term fluctuations and highlight longer-term trends or cycles (see Stock and Watson (2007) for forecasting inflation, Holt (2004) and Engel (2015) for forecasting the exchange rate). A criticism is that the moving-average will be auto-correlated, even if the original series is not auto-correlated. Thus, using the moving-average as a dependent variable is a potential violation of the subsequent causal model (that is to show a spurious causal relationship) in the short-term forecasting model. The advantage is to smooth out short-term fluctuations and highlight longer-term trends or cycles. It is superior to the mean model in adapting to the cyclical pattern and is superior to the random walk model in not being too sensitive to random shocks from one period to the next. Data averaging is adopted in time-series models generating long-term predictions when seasonality in data might be a problem. To overcome seasonality in quarterly data, Engel et al. (2015) average data over four quarters in models forecasting bilateral exchange rates. Table 5 reports the ratio of MSFE from estimating the regression in Equation (1) for different monetary models at different horizons, and for comparison, to MSFE from a random walk forecast at different horizons using the MA(12) data over 1997. 01-2013.12 . The MSFE of the monetary models are lower than that of the random walk over all the forecast horizons.
The MSFE of all monetary models significantly lower than that of the random walk at horizons of 30-month and more ahead at least at the 15% level, and at horizons of 48-month and more ahead at least at the 5% level.
Utilizing the MA(12) data we obtain similar but stronger results. It is consistent with Rossi' (2013) argument that 'data transformations (such as detrending, filtering and seasonal adjustment) may substantially affect predictive ability, and may explain differences in results across studies' (p. 1066).
Conclusion
Rossi (2013) observes in an extensive review of the literature on exchange rate predictability, that overall, empirical work does not find that customary predictors such as differentials in interest rate, price level/inflation and output variables do a very good job at out-of-sample prediction of the exchange rate.
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We have found some success with using traditional predictors at global level in forecasting the US dollar exchange rate in the long run.
Differentials between US and non-US global values for price levels and differentials between
US and China's M2 are statistically significant in forecasting the US dollar exchange rate in the long run. The relative US-China money growth does have a distinct, significant and changing influence on the US dollar exchange rate.
12 Rossi (2013) notes (contested) evidence that the monetary model at very long horizons and uncovered interest rate models at short horizons have some success at out-of-sample prediction of the exchange rate, and that it is thought that models based on Taylor rule gaps and net foreign assets have more encouraging out-of-sample forecasting capability for out-of-sample prediction for exchange rates.
We develop out-of-sample forecasts of the US dollar exchange rate value using US and non-US global data on price level, output, interest rates, and liquidity on the US, China Jan-96 Jan-98 Jan-00 Jan-02 Jan-04 Jan-06 Jan-08 Jan-10 Jan-12
China US Euro area Japan Figure 2 . US-TWI exchange rate and the differential variables between 1996.01 -2013.12.
Notes: Variables shown are the logarithm of nominal US-TWI (US trade weighted dollar) and the differential of the logarithm of a US variable and either China or the rest of the world (non-US). Diebold and Mariano (1995) . The ***, **, and * denote the significant levels at 1%, 5%, and 15% respectively. The ***, **, and * denote the significant levels at 1%, 5%, and 15% respectively. The coefficient of price level differentials is scaled (i.e., divided) by 100 for the exposition purpose. .01*** EigVal-Statistic (H0: no coint.) 0.17*** 0.17*** 0.17*** 0.19*** 0.20*** 0.21*** 0.21*** 0.21*** 0.23*** 0.23*** 0.25*** 0.25*** Notes: The DM-statistics is proposed by Diebold and Mariano (1995) . The ***, **, and * denote the significant levels at 1%, 5%, and 15% respectively. Diebold and Mariano (1995) . The ***, **, and * denote the significant levels at 1%, 5%, and 15% respectively. The coefficient of price level differentials is scaled (i.e., divided) by 100 for the exposition purpose. (12)) . The DM-statistics is proposed by Diebold and Mariano (1995) . The ***, **, and * denote the significant levels at 1%, 5%, and 15% respectively.
